JEL classification: C93 (field experiments) J24 (labor productivity) D03 (behavioral economics) L11 (production) a b s t r a c t Exploiting findings that losses loom larger than gains, studies have shown that framing manipulations can increase productivity of workers. Using a natural field experiment that exogenously manipulates wage bonuses within contests in a Chinese high-tech manufacturing facility, we show that how loss aversion affects worker behavior critically depends on the incentive scheme as well as the framing manipulation. Four sets of two identical teams competed against each other to win a bonus given to the team, within a set, with the higher average hourly productivity over the week. In each set, the bonus was framed as a reward or gain for one team and as a punishment or loss for the other. Average weekly productivity was slightly higher under the loss treatment, but this increase was statistically insignificant. However, the team under the loss treatment was at least 35% more likely to win the contest. As teams' payoffs are based on relative productivity under a contest, framing effect is much stronger in terms of relative productivity. Finally, workers seemingly responded to the bonus by increasing the quality of production as well as quantity-defect rate fell as productivity increased.
Introduction
Loss aversion, which suggests that losses loom larger than gains, is one of the central features of prospect theory proposed by Kahneman and Tversky (1979) . Exploiting loss aversion, Hossain and List (2012) recently showed that framing manipulations can be used to increase productivity of workers even in the field with regular workers under long-term contracts. Specifically, incentive schemes that are framed as punishments increase productivity over isomorphic schemes framed as rewards. While that and other studies present ample evidence of factory and farm workers, students, teachers, and laboratory subjects being loss-averse, there is relatively little work on how variations in the incentive schemes interact with framing manipulations designed to exploit loss aversion. In this paper, we ran a natural field experiment in a Chinese high-tech manufacturing facility where sets of two identical teams competed against each other to win a bonus given to the team with the higher average hourly productivity. The bonus was framed as a reward or gain for one team and as a punishment or loss for the other. While productivity increased by a greater degree under the latter framing, this effect was statistically insignificant. However, framing the incentive scheme as loss made a team at least 35% more likely to produce at a level of productivity higher than that of a team whose incentive was posed as gain. This contrasts Hossain and List's finding that similar framing manipulations, but with bonuses based on absolute productivity, resulted in a significant framing effect in terms of absolute, but not relative, productivity. This suggests that the type of incentive scheme seems to matter as much as framing in determining how incentive contracts affect worker behavior.
A central question in industrial organization is how incentive contracts can be used to affect agents' effort choice. Standard literature typically focuses on the economic contents of an incentive contract rather than the language of the contract 1 . Evidence from laboratory experiments regarding the power of framing-however, suggest that even apparently innocuous differences in the presentation of a contract may significantly affect agents' behavior. In recent years, work has begun to extend the empirical results from the lab to the field, although most studies focus on individual outcomes 2 . In line with this strand of literature, we are particularly interested in the following first-order question: what are the effects of simple exogenous framing manipulations among competing teams of workers? Difficulties in answering this question are associated with implementing a clean empirical test of such phenomena, and separating out the consequences of factors of primary interest from the host of simultaneously occurring stimuli.
Rather than relying on observational data, we approach this question by executing a natural field experiment in partnership with the Wanlida Group Company, a large-sized Chinese manufacturing company based in the Fujian province of China. With more than 20,000 employees, it produces a variety of consumer electronics and ranks as one of the "top 100 electronics enterprises" in China. We use a subset of Wanlida employees in their production center in Nanjing in the Fujian province. The goal of our experiment is twofold. First, we aim to analyze how simple framing manipulations of a bonus scheme influence productivity of competing teams of workers. Second, comparing our results with that of Hossain and List (2012) , we can investigate how the impact of an incentive contract on worker behavior depends on the interaction of the economic (financial incentive) and noneconomic (framing manipulation) contents of the contract.
During our 8-week long experiment, subjects engaged in their regular tasks and work schedules within their normal work environments. Our experiment included four different sets of work with each set consisting of two teams of workers of identical composition. For each set of work, we provided a weekly bonus to the team with the higher per-hour productivity. The bonus depended only on relative performances of the two competing teams. The team under the positively framed reward treatment was notified that for each week in which the team's per-hour production was higher than that of the competing team, a bonus of RMB 80 would be paid at the end of a 4-week long pay period. The team under the negatively framed punishment treatment was promised a provisional bonus of RMB 320 before the 4-week long pay period began, but was notified that for each week in which its per-hour production was lower than that of the competing team, the bonus at the end of pay period would be reduced by RMB 80.
In contrast with studies like Dickinson (2001) where the underlying incentive schemes for the reward and punishment treatments within a laboratory experiment were different, the two schemes in our experiment were isomorphic, except for the frame 3 . Unlike Lazear (2000) , we do not compare inherently different types of incentive schemes in this paper and restrict attention to contests between two teams. While standard theory suggests that these incentive contracts should lead to identical outcomes, insights gained from Kahneman and Tversky's (1979) prospect theory suggest otherwise. If losses loom larger than gains to our factory workers, as prospect theory conjectures, the punishment treatment should outperform the reward variant. Alternatively, if workers get more invigorated by positive incentive schemes, the reward treatment should lead to a higher level of productivity. This experiment provides us with insights on how productivity, both in absolute and relative sense, of teams competing in a contest is affected by framing of the incentive scheme.
In our experiment, we find that framing effects display different and more subtle patterns compared to those found in Hossain and List. Furthermore, an additional psychological effect from the framing manipulation might arise due to the competitive nature of the game. First, both bonus schemes succeeded in increasing productivity just as Dickinson (2001) and Hossain and List (2012) found. Average weekly productivity increased by almost 14% across the four sets. We find some more interesting data patterns on the impact of framing of the schemes. There is no statistically significant evidence that teams competing under the punishment frame outperform teams competing under the reward frame in terms of average weekly productivity. Yet, the result on which team wins the contest is very robust. The team in the punishment treatment is at least 35% more likely to produce at a rate higher than the team under the reward treatment. Hence, while framing has a very strong effect in determining the winner of the contests, the variance in absolute productivity is too large leading to a statistically insignificant framing effect in terms of productivity. These results contrast Hossain and List's (2012) findings. They may have resulted from the fact that winning or losing, not the absolute productivity level, is the sole determinant of the bonus under our incentive scheme. Workers may focus their efforts and adjust it inter-temporally to win the contests most number of times instead of maximizing their productivity. These insights are important for the design of incentive Each set consists of two independent teams of the same group size and composition. Pre-treatment average productivity denotes the approximate average hourly productivity before treatments. Treatments are broken down by week number.
contracts and can also be applied to contests in sports, academia, and innovation. While contests avoid the arbitrariness of target setting and serves as means of filtering common shocks in homogenous production teams, it may inadvertently shift the focus from absolute to relative productivity reducing the loss frame's ability to increase absolute productivity. Another important result is that the increase in productivity due to incentive effects is not met with higher defects 4 . In fact, production quality, quantified by the percentage of products without any defect, is increasing in the team's per-hour productivity rate. Overall, our results complement the existing literature and point to the importance of behavioral factors such as the notion of loss aversion in writing incentive contracts in labor environments such as ours. These insights can contribute to the literature on incorporating behavioral issues in contract theory as done in Hart and Moore (2008) . Our main lesson from this paper is that while behavioral biases are persistent even in the field, how they affect workers' behavior depends very much on the economic incentives they receive. Thus, there is much to be learned from going into the workplace and using exogenous variation in important variables via field experiments. The rest of the paper is designed as follows: the following section presents the experimental design. Section 3 presents the results and discusses their implications. Section 4 concludes.
Experimental design
The experiment was conducted over the months of October, 2008 to February, 2009 . Wanlida focuses on consumer electronics and specializes in digital AV products, notebook PCs and peripherals, GPS navigation devices, car multimedia electronics, small home appliances, communications, and lithium polymer batteries. Our treatments pertained to the production of parts for DVD players and included four randomly selected sets of work each consisting of two independent production teams of the same number of workers. Workers in each team worked together in an assembly line. The two teams in a set worked on exactly the same tasks following identical procedures. The teams were not formed for the purpose of the experiment, but were indigenous in the factory. Table 1 provides a summary of the experimental design. The table can be read as follows: row 1 summarizes Set 1 which includes two unique teams, or lines of workers, whose task is to produce chips for DVD players. Both teams had a group size of 16 and produced 350 units per hour on average during the pre-treatment period. In Round 1, Team A of Set 1 was under the Punishment treatment and Team B was under the Reward treatment for 4 weeks. In Round 2, the teams changed treatments. The same was true for the teams in the other three sets 5 . In total, 106 Wanlida employees were part of this experiment.
The teams in our experiment had been in place for quite some time at Wanlida factory. These teams are organically formed by the management for regular production in the factory. We did not manipulate the teams in any way and team compositions were kept unchanged prior to, during, and after the experiment. Generally, the management tries to keep the teams similar to keep the chain of production smooth. Table 2 presents summary statistics of some demographic variables for each of the 8 teams. Overall, 86.8% of the workers were female and 66.0% of the workers finished at most junior high school. The average worker was 23.16 years old with 3.67 years of tenure at Wanlida. The differences in demographic variables between two teams within a set are statistically insignificant in most cases 6 . Nevertheless, each team experiencing both treatments helps address potential variations between teams in estimating the treatment effects. Moreover, as there can be Tenure at Wanlida is defined as the years a worker had spent working in Wanlida when our experiment was conducted.
significant time trend in production, we assign the two teams opposite frames in a given week to compare across teams. These between and within-team variations of treatments allow us to purse out any heterogeneity in productivity across time or across teams within a set by means of difference-in-differences analysis as outlined in the following section. Our framing manipulation is embedded within contests between two teams. This is an example of a tournament-styled incentive scheme. Among various incentive schemes, relative performance evaluation is used as means of filtering out common shocks from compensation packages. Tournament competition, as a special case of relative performance evaluation, has theoretically advantageous features (see, for example, Lazear and Rosen, 1981) as well as wide applications in sports (Ehrenberg and Bognanno, 1990 analyze data from golf tournaments), business (Knoeber and Thurman, 1994 study the broiler chicken industry), and even political turnovers (see Li and Zhou, 2005) . In our experiment, the homogeneity of team structure and job characteristics for teams within a set makes contest an appropriate scheme to incentivize agents.
It is important to point out that there are four reasons why our particular way of framing might not be strong enough to produce results that are significantly different from one another. First, the treatment is a passive one. In the punishment treatment, rather than actually giving the employees the bonus before the work commenced, we provisionally allocated them the bonus, to be paid at the end of the pay period 7 . For example, in the reward treatment, the relevant portion of the letter read:
For the next 4 weeks starting from Day 1, in addition to your standard salary, you will receive an RMB 80 bonus for every week the weekly average per-hour production of your team is above the weekly average per-hour production of (name of the competing team within the same set). This program will continue until the end of the week starting on Day 22 and end on Day 28. On Day 29, you will receive your bonus according to the above criterion.
For example, if your team produces at a rate above the weekly average per-hour production of (name of the competing team within the same set) in two weeks, you will receive RMB 160 on Day 29.
Conversely, in the punishment treatment, the relevant description was changed to:
For the next 4-week period starting from Day 1, you will receive a one-time bonus of RMB 320. This payment will be made on Day 29. However, for every week in which the weekly average per-hour production of your team is below the weekly average per-hour production of (name of the competing team within the same set), the bonus will be reduced by RMB 80.
For example, if your team produces at a rate below the average per-hour production of (name of the competing team within the same set) in two weeks, your bonus will be reduced by RMB 160 and you will receive RMB 160 on Day 29.
Thus, the punishment treatment is not a particularly powerful variant, but one the firm felt was appropriate and natural for this environment. Since our goal was to execute a natural field experiment, we followed the direction of Wanlida in making the treatments follow company guidelines. Further, we intentionally did not call the reduction in payment in the punishment treatment a fine or punishment to reduce potential negative (emotional) connotation associated with a fine. Instead, we were interested in making the reward and punishment treatments merely different framings of the same incentive contract. As such, the payments were made at the same time for both teams within a set, thus eliminating any credibility or time discounting issue. The differences are, therefore, extremely thinly veiled.
Second, because there is sufficient heterogeneity in production across time, sets, and, potentially, teams, we designed the treatments to control for both between and within-team variations as explained above. The power of our experimental design comes from aggregating within and across-team data. In light of the fact that some might consider our treatments transparent, it might be considered a demanding test to find differences within a team that ultimately experiences both treatments (MacCrimmon and Larsson, 1979) . Since any statistically significant finding of the framing effect is robust to the double exposure to the framings, this can be considered as strength of the experimental design.
Third, it is worth discussing the amount of communication that took place between teams within a set. For some sets, the two teams are located in the same room while for others they are located in different rooms within the factory. In either case, workers from the two teams within a set knew each other and might have had opportunities to interact with each other. Formally, we informed the workers about their performance relative to the other team only at the end of four weeks when they received the payments. Nevertheless, it is conceivable that they were aware of each other's progress to some extent during the contest. Potential communication between teams makes our experimental design even more demanding in terms of finding a framing effect.
Fourth, although Wanlida is a large manufacturer and we tried hard to maximize our sample size, its scale limited our sample size. According to the rules of thumb provided by List et al. (2011) , in our experimental design, our sample size is sufficient to detect about a 1/3 difference of winning probability and about 0.7-standard deviation difference of productivity, with power of 0.8 and significance level of 0.05. This means that our test can only detect framing effects with sufficient economic significance. This further makes our design a demanding test of framing effects in both absolute and relative productivity dimensions.
A few other experimental particulars of interest are worth noting before we move on to the experimental results. First, in all sets, workers were never aware that an experiment was occurring, and they did not know that a new treatment would begin after four weeks. Management notified subjects of treatments via personal letters. In accordance with company policy, the bonus incentives were paid in addition to the base income. The source of the bonus was intentionally kept vague in the letters to subjects and the workers were not asked to do any unusual work. The electronics manufacturer itself had been analyzing schemes to improve the productivity of the workers to maintain its competitive edge in a global market. A change in incentive schemes was not an alien concept to the workers. Second, however, using competition between two teams within a set of work for incentive payments was a new concept for these workers. Third, the letters clearly mentioned that this was a short-term incentive program and the workers were likely to assume that the incentive schemes were one-shot opportunities. The language of the letters were kept identical (other than the part containing the framing manipulation) so that workers under different treatments were less likely to have different expectations about the impact of their performances during this program on their future income potential. Fourth, RMB 80 equaled slightly below USD 12 at the exchange rate during the experiment. The workers received fixed baseline weekly salary, which ranged between RMB 300-375. Thus, this bonus was non-trivial-more than 20% of the salary of the highest-paid worker in the subject pool. Fifth, workers were aware that the quality of their production would be checked before they are used in the following step of production. Finally, each week we received detailed reports on daily production, number of hours worked, and the number of defective units produced for each team. Note that the production managers were unaware of our direct research hypothesis related to framing. They were only informed that the test revolved around understanding incentives. One of the coauthors periodically visited the factory to ensure proper execution of the experiment and smooth transition of the rounds, and to oversee the payment to the workers after the end of a round.
In many naturally occurring tournaments, the players are teams instead of individuals. However, theoretical and experimental literature on tournaments and contests mostly analyze contests among individuals (e.g. Davis and Reilly, 1998; Potters et al., 1998; Onculer and Croson, 2005) . In contrast, teams of workers in production lines participated in contests in our experiment. While one may worry that free-riding can be a problem for teams, Hamilton et al. (2003) empirically suggest that free-riding may not be a major issue in practice. Abbink et al. (2010) experimentally analyzed contests between groups and individuals and found that contests involving groups did not lead to free-riding problems. Rather, group members contributed more than what theory predicts. Nalbantian and Schotter (1997) found that competition between teams generated the highest level of efficiency among the four incentive schemes they used in their lab experiment.
Our main variable of interest is average hourly production for a given week as the incentive schemes were specified for weekly per hour productivity rate-the total production by a team in a week divided by the number of hours they worked in that week. We chose to pay for hourly productivity instead of total production as the number of hours worked may be different for the two teams within a set. Another variable of interest is the weekly defect rate which equals the number of defective products divided by the number of total products produced by the team in that week expressed in percentage terms. We focus on weekly data as the bonus was defined for each week within a 4-week treatment round.
We now briefly discuss how such framing may affect worker behavior when they are loss-averse following the utility specifications in Section 2.1 of Hossain and List (2012) 8 . The model suggests that a bonus framed as punishment will have a greater impact on productivity than a bonus framed as reward. This implies that, holding everything else identical, workers under the punishment frame will have a higher productivity than workers under the reward frame. Moreover, the team under the punishment treatment will win the weekly contests over the team under the reward treatment. Given our experimental design, even when teams are potentially heterogeneous, we expect the teams to have a higher productivity level and win Pre-treatment productivity denotes the approximate average number of units produced per hour before treatments began. During-treatment productivity denotes the average hourly productivity during both the incentive schemes averaged across the two teams within a set. Set 3 used a different production method for both teams during the first round of incentive schemes. Team average weekly per-hour productivity, weekly defect rate, and the number of weeks in which the team won the contest within a 4-week round during the treatment period by set and treatments are reported. Note that for Set 3, the production methods were different in the two rounds.
the contest more frequently when they are under the punishment frame. We will test these two hypotheses in the first two subsections of the following section.
Experimental results
To begin our discussion, we first consider Table 3 that summarizes the pre-treatment and during-treatment weekly productivity rates for the four sets. A comparison of average productivity data during treatment with the pre-treatment data shows that the incentive schemes seem to have raised overall productivity of the workers in three of the four sets. Next, we present weekly per-hour productivity, defect rates, and contest outcomes for each treatment for the four sets in Table 4 . This suggests that the reduction in productivity for Set 3 comes from low productivity during the first round of incentives. In the first four weeks of the incentive scheme, Set 3 used a different production method for both teams, which led to a significantly reduced rate of productivity. Hence, to calculate the overall impact of the bonus (under either framing) we use productivity measures for Set 3 only during the second round of incentives when the production process returned to the pre-treatment one. We surmise that the contest incentives raised productivity by almost 14%, on average, relative to the pre-treatment productivity levels.
A natural follow-up question revolves around whether the framing of incentive schemes per se affected productivity and contest outcomes. A more detailed analysis on the data leads us to the following three main results:
(i) The difference in average weekly productivity between the reward and punishment treatments is not statistically significant. (ii) The team in the punishment treatment won significantly more often in the productivity contest. (iii) Product defects decreased when per-hour productivity increased.
Productivity levels under the two frames
We first analyze weekly average productivity, which is the mean of the four observations of weekly per-hour productivity during a round (there were three observations for the first round of Set 2). Take Set 4 for example: the averages of weekly per-hour productivity rate for the first 4 weeks were 845 units and 823 units under the punishment and rewards treatments, respectively. In weeks 5 to 8, the averages were 986 and 966 units, respectively. Similarly, average defect rate is the mean of the four observations of the weekly defect rate.
To compare the levels of productivity under the reward and punishment treatments, we employ a difference-indifferences approach as there can be significant heterogeneity in production across weeks due to change of production plans, supply of material within the assembly line etc. and there may also be heterogeneity in the inherent level of productivity between teams within a set. Suppose the average production of team j ∈ {A, B} of set i ∈ {1,. . .,4} under Table 4 for absolute productivity levels from each treatment.
Table 5
Framing effect on productivity.
Dependent variable: log of average hourly productivity on a given week Empirical estimates of punishment treatment effect on average hourly productivity compared to the reward treatment are reported. Specification (1) includes set-week specific fixed effects and specification (2) further includes team-specific fixed effects. Robust standard errors clustered at the team level are displayed in parentheses for columns (1) and (2), whereas column (3) repeats column (1) with BRL standard error. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels respectively.
treatment R or P in period t is P ijt = 1 + Ä ijt ij + Á it , where ij is the inherent productivity level of team j in set i, Á it is a time-specific productivity shock to set i, andÄ ijt ∈ {Ä R , Ä P } quantifies the treatment effect of the relevant bonus scheme.
In this case, Ä P -Ä R quantifies the framing effect. Notice that, if iA / = iB or Á it is nonzero, within-team or within-round comparison of average productivity from Table 4 alone will not allow us to estimate the framing effect precisely. Suppose Team A of set i is under reward and punishment treatments in Rounds 1 and 2, respectively, and the treatment sequence is reversed for Team B of the same set. Then,
Hence, we can calculate the across-round difference of the within-round productivity differences between Team B and Team A to estimate the framing effect. For example, for Set 4 we find that the punishment treatment yielded 42 more units of product ((845 − 823) + (986 − 966)). These results, as summarized in Fig. 1 , show that in 3 of 4 sets, the punishment treatment outperformed the reward treatment 9 .
To complement the raw data summary, we estimate a model in which we regress the logarithm of weekly productivity on a dummy variable denoting the punishment treatment. We control for heterogeneity across teams of workers and time by including time and team-specific fixed effects. To allow for different sets of work to be subject to different shocks in a given week, as represented by Á it in the above production equation, the time-specific fixed effects account for each set-week combination. Empirical results are contained in Table 5 10 . The first column in Table 5 includes the above mentioned set-week specific fixed effects, but no team fixed effects. That is, we allow the time-specific shock Á it to vary across set (i) and week (t), but both teams are assumed to have the same inherent productivity, iA = iB . In the second column, we further control for team-specific fixed effects allowing iA and iB to be different. The punishment treatment increases the productivity over the reward treatment by 2.3%. However, the coefficient is statistically insignificant at conventional levels. Robust standard errors clustered at the team level are reported in columns (1) and (2) 11 . We repeat the regression from column (1) with 9 We have data only from three weeks of the first round for Set 2. Hence, we calculate the difference in productivity between the team under punishment treatment and the team under reward treatment, which filters out time specific shocks. Similarity of the two teams suggests that cross-team variations are less important than cross-time variations.
10 Our empirical analysis includes data from Set 3 where production method in the first round is different from that in the second round, but is the same for both teams in a given round. Assuming that the different production methods affect productivity of the two teams by the same amount, this would not bias our estimation. In order to check the robustness of the framing effects, however, we repeat the regressions in Tables 5 and 6 excluding Round 1 of Set  3 and report the results in Tables C1 and C2 in the online appendix. There is no qualitative difference in the results.
11 If we do not control for the potential clustering of error terms at the team level, the coefficient is significant at the 10% level for column (1). Empirical estimates of punishment treatment effect on probability of winning in competition compared to the reward treatment are reported. The table presents marginal effect coefficients from logit regression of whether Team A of a given set won the contest. Specification (3) runs a conditional logit regression with team fixed effects. Specifications (2) and (3) do not include observations from Set 2. Robust standard errors clustered at the team level are displayed in parentheses for specifications (1) to (3). Specifications (4) and (5) repeat specifications (1) and (2) respectively, using BRL estimation. *** , **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
standard errors adjusted using the Bias Reduced Linearization (BRL) estimator following Angrist and Lavy (2009) to address the potential problem of having too few clusters. The result is reported in column (3). The coefficient of the punishment treatment in columns (3) is not significant either.
The evidence above shows that we find no statistically significant difference in average productivity between bonuses framed as reward or punishment during our experiment 12 . Absence of any framing effect is certainly one possibility that may account for this evidence. However, we conjecture that the statistical insignificance could also arise even if there is strong framing effect, due to a particular feature of contests or tournaments. In contests such as the ones in our experiment, players care little about their absolute performances (here, the average hourly productivity) and more about winning the game as only the relative performances enter their incentive scheme. Thus, the dependent variable in the above regression (average hourly productivity) may not properly represent the objective of the agents. This leads to our next analysis.
Winning the contest
If the teams focus on winning the competition and the framing effect is strong, then we should find a large difference between the likelihood of producing at a rate higher than that of the competing team under the two frames. In our data set, the team under the punishment treatment had higher per-hour productivity than the team under the reward treatment in 70.4% of the cases. Table 6 presents marginal effects coefficients from logit regressions of whether Team A had won the incentive competition in the week (by producing at a higher rate than the competing team). As the same variable for Team B is just the binary opposite, we only include one data point from each of the 27 week-long contests. The dependent variable indicates whether the productivity of Team A of set i at time t (P iAt ) is higher than that of Team B (P iBt ); that is, whether P iAt − P iBt = (1 + Ä iAt ) iA − (1 + Ä iBt ) iB > 0. Thus, it is independent of the time-specific productivity shock Á it as it affects both teams in a set equally. The variable herein captures the objective function of the teams in competition and this may be a better measurement of the framing effect. Specification (1) presents logit regression for all four sets without team-specific fixed effects. Specification (3) includes team-specific fixed effects and, hence, we use conditional logit regression and exclude Set 2 as we only have oneround observations from that set. For completeness, specification (2) presents the same logit regression as in specification (1), but excludes the observations from Set 2. In all of these specifications, we again control for the clustering of error terms at the team level to address the potential serial correlation problem. Columns (4) and (5) repeat the regressions in specifications (1) and (2) with BRL adjusted standard errors reported. The estimates in Table 6 confirm the impact of the framing effect: the punishment treatment, compared to the reward treatment, significantly increases the probability of winning the competition by more than 35%. This result suggests that framing effect is present in our field experiment. Further, winning the competition may enter more prominently in agents' objective functions when they compete against each other.
We contrast our results with the findings of Hossain and List (2012) who find that team productivity is higher in punishment treatments compared to reward treatments by around 1% when workers receive bonus for meeting a target. In their study, workers are rewarded for absolute performance as teams' bonuses depend only on their own productivity, rather than relative performance, and the increase in hourly productivity due to framing is statistically significant in their case 13 . Even if framing effects are equally strong under both schemes, this difference in incentive structure may explain why we find significant framing effect only for the probability of winning while their study does find that framing manipulation significantly affects average productivity rate. On the other hand, running similar binary choice regressions using the data (1) and (2), whereas column (3) repeats column (1) with BRL standard error. ***, ** , and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
from Hossain and List, we find little framing effect in terms of producing more than the other team in their data, unlike in our study. Finally, we test whether the punishment treatment had a relatively stronger effect in the first round as teams might be more likely to recognize that the two bonus schemes are monetarily equivalent when they are exposed to both treatments. To test this hypothesis, we run a logit regression of whether the team under the punishment treatment won the contest on a dummy variable that denotes the observations from the first round. Running such analysis, although we find that the punishment treatments in the first round had a slightly stronger effect, the effect is not statistically significant even at 10% level. Moreover, we do not see any trend in the contest outcome across different weeks. We, however, analyze dynamics of production during a week and discuss it in the following paragraph as that helps in explaining our main findings.
In our experiment, the framing effect is very strong in terms of relative performance between two teams but virtually non-existent in terms of absolute performance of the teams. As workers knew their own productivity and might have, informally, received some information about the other team's productivity during a week's contest, their effort choice could be dynamically adjusted although they knew the official contest outcomes only at the end of the round. Suppose at some point during a week, members of a production team feel that they are unlikely to win in that week given the current gap in productivity rates between the two teams. Then they may give up and their productivity may decline to the usual non-incentivized level or lower 14 . Casas-Arce and Martinez-Jerez (2009) theoretically show that when participants in a tournament perceive the ability gap between players to be too large to overcome, they tend to exert less effort. This could make the average productivity highly variant resulting in the statistical insignificance of the framing effect in Table 5 . Following this intuition, we find that the productivity gap between the two teams within a set at the midpoint of a week has significant impact on the teams' final productivity levels for the week. Specifically, the larger the midway productivity gap is, the lower is the final productivity of the team that is behind at the middle of the week. As losses loom larger than gains, the productivity of the team that is behind may be reduced more if the team is under the punishment treatment 15 .
Quality of production
Although our bonus scheme with framing manipulation motivates workers to produce at a faster rate, the productivity increase may come at the cost of lowered quality of production. Fortunately, all products are tested by quality control inspectors before they are sent to the next level of production. Nevertheless, incentives are imposed on the quantity dimension while the quality issue is never mentioned in the personal letters to the subjects in our experiment. If quality control is of second degree of importance to the workers, they may put more effort in producing at a higher rate and shirk in the quality dimension as Holmstrom and Milgrom (1991) suggest.
Alternatively, as quality is measured thoroughly, there is likely to be an impact on the future income prospects of the workers. The workers in our experiment have long-term relation with the firm and that may deter them from shirking in quality if they are sufficiently forward-looking. A casual look at the average defect rates in Table 4 does not suggest a strong pattern in quality. However, upon closer inspection, we find an interesting result. Following Bandiera et al. (2005) , in Table 7 , we regress the defect rate on the logarithm of the hourly productivity rate, with robust standard errors clustered at the team level 16 . Specification (1) controls for set-week specific fixed effects, and specification (2) further includes team-specific fixed effects. We report BRL estimation results of specification (1) in column (3). The table suggests that a 1% increase in productivity is associated with a reduction of the defect rate by around 0.007 percentage points and this effect is statistically significant. Given that average defect rate is rather small to begin with, this represents a substantial impact.
14 "Giving up" when a team is behind by an insurmountable margin is not uncommon in sports. Brown (2011) showed that professional golfers expended less effort while competing against Tiger Woods. Gill and Prowse (2012) showed that agents who were behind in a tournament exerted less effort. 15 These results are presented in detail in an online appendix. 16 Adding a dummy variable for the punishment treatment does not change the results. The coefficient is insignificant, implying that the framing itself does not directly affect defect rates, which is reassuring.
We ascribe the observed data pattern to the repeated-game effect of long-term work contracts and reciprocity. The letters to the workers mentioned that the incentive schemes were part of a temporary program. Nevertheless, the workers may still conjecture that similar incentive schemes may occur in the future if their current performance is satisfactory to the management. Moreover, even if the bonus scheme is considered to be one-shot, as regular workers in a well-organized workplace, subjects may recognize the importance of reputation in the long-run interaction with the firm management. Either case may lead to the increase in production quality.
Reciprocity may also play a role here. Meidinger and Villeval (2003) find laboratory evidence of reciprocity towards the principal in teamwork. In our field context, due to the vagueness of the source of the bonus, workers, by default, may think that the funding is from their management. As the scheme increases the payment to one of the teams for sure, the workers may want to return the favor to the management by improving the quality, especially when they are already quite likely to win. Notice that our bonus contracts are incomplete in the quality dimension while productivity is incentivized. This lends support to the idea that "the norm of reciprocity that leads to gift exchange is an effective contract enforcement device under conditions of contractual incompleteness" as Gächter and Fehr (2001) concludes (see also Gneezy et al., 2000) . Our experiment with regular workers in a well-organized workplace shows that some issues rising from incompleteness of contracts may be alleviated in the real world because of long-term optimization and reciprocity.
A natural question on the above interpretation is, whether to build reputation or to reciprocate, why the workers do not simply enhance productivity? A first reason is that the management cares about both quantity and quality of production. Second, we refer to Irlenbusch and Sliwka (2005, 2006) who show that transparency posits positive effects on reciprocity: transparency makes it easier to build a reputation of reciprocity and reciprocity may be stronger if it is directly perceived by the person with whom interaction takes place 17 . In our setting, the management may view an increase in productivity solely motivated by the desire to win the weekly prize while an increase in quality clearly signals an intention to benefit the management. Thus, to build reputation or reciprocate, subjects may want to exert more efforts into the more transparent quality dimension. Al-Ubaydli et al. (2008) find that workers focus on observable effort when reciprocating if one dimension of effort is observable and another is not. Our result offers a natural extension of their finding. Given that both dimensions of effort are observable in our setting, workers focus on the more transparent dimension of effort when they reciprocate.
Conclusion
Modern contract theory literature is developed under the assumption of classical rational agents. In our natural field experiment, we find that even the language and framing of incentive contracts affect behavior in the workplace. Specifically, loss aversion seems to play a role in workers' effort choice in a specific way that depends on the fact that the underlying incentive scheme is a contest. While contests framed as loss does not increase per-hour productivity relative to contests framed as gain, the probability of winning the contest is significantly higher under the loss framing. Framing effect is both economically and statistically significant for relative productivity, but not absolute productivity even though the power of test is similar for both productivity dimensions.
The above result may have resulted from the fact that winning or losing, not the absolute productivity level, was the sole determinant of the bonus under our incentive scheme. Workers may focus primarily on winning and adjust their efforts intertemporally to win the contests most number of times instead of maximizing their productivity. Our paper thus contributes to the emerging field of behavioral industrial organization by demonstrating that incorporating behavioral issues in contract writing and, especially, tournament-styled incentive schemes is particularly important. Taking the results of Hossain and List (2012) and this paper together, one lesson is that to affect absolute performance using framing effect, incentive design should be based on absolute performance. Moreover, to affect relative performance, incentives should be based on relative performance. In this study, framing within a contest does not seem to be very effective in increasing productivity, the main objective of factory managers. However, when the objective of managers is to increase "wins," framing can be used to enhance the efficacy of a contest-based incentive scheme. Thus, insights gained from this study may have implications for situations beyond the labor market. For example, the results suggest that team executives in professional sports leagues should offer bonuses to players for winning playoff series in terms of loss instead of gain.
A lesson from the field experiment literature is that experience usually attenuates behavioral biases prevalent in laboratory experiments (see List, 2003 and Levitt and List, 2007 for example). While we find framing affecting behavior of seasoned workers, these workers are likely to have little experience of participating in a contest with another team in the factory and the punishment treatment. Our results highlight that even in environments with experienced agents, novel framing manipulations still can make a difference if the agents are inexperienced with that particular manipulation. While laboratory evidences on labor behavior abound (see Charness and Kuhn, 2010 , for a recent survey), there are fewer experimental studies using real workers from a large organization participating in their usual work in their natural workplace. In a methodological sense, this study thus showcases how field experiments can be used in providing insights on labor behavior in practice and in identifying the directions future theoretical research should pursue.
